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Coherence of generated samples

Proposed method: MGS-GRF

Oversampling strategies:

- Generate new synthetic samples within the minority class
- Generally do not handle categorical features by design
- Tends to copy sample and suffer from a boundary artifacts [1] 

(SMOTE-based)
- CTGAN [2] methodologies and ForestDiffusion [3] does not 

systematically outperform SMOTE with continuous input [see 1].
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Scoring: Addressing class imbalance in binary classification 
presents a significant challenge across various machine learning 
applications such as medical diagnosis, customer churn prediction 
or anomaly detection.

Standard techniques to handle class imbalance are mostly  
intrinsically designed for continuous input variables.

Private Data: millions of clients from Société Générale

Kernel density estimator

Final algorithm to generate one sample:

On synthetic data: the coherence Coh is positively correlated 
to better predictive performances.

GRF preserves the 
dependance between 

continuous and 
categorical features, 

contrary to smote-based 
approaches

Adding non 
informative features

GRF output weights 
for sample Z1:d 

Generating continuous features:

Generating categorical features:Target

1

[...]

1

Revenu [...] Age Marital 
Status

Nationality

2000 [...] 26 M EN

[...] [...] [...] [...] [...]

3000 [...] 29 D FR

Experiments on Simulated data

Business requirement: 
Plausible synthetic samples

Local kernel on samples neighbors

learning task

K = Number of 
nearest-neighbors =d+1 for full 

rank covariance matrix

The generalized random forest (GRF) is trained on 
the minority class samples. Then, it gives prediction 

from the continuous features generated by MGS.


